This paper examines the micro-foundations of occupational agglomeration in U.S. metropolitan areas, with an emphasis on labor market pooling. Controlling for a wide range of occupational attributes, including proxies for the use of specialized machinery and for the importance of knowledge spillovers, we find that jobs characterized by a unique knowledge base exhibit higher levels of geographic concentration than do occupations with generic knowledge requirements. Further, by analyzing coagglomeration patterns, we find that occupations with similar knowledge requirements tend to co-agglomerate. Both results provide new evidence on the importance of labor market pooling as a determinant of occupational agglomeration.
INTRODUCTION
Alfred Marshall's ideas provide a conceptual foundation for contemporary research on the determinants of agglomeration: labor market pooling, sharing of specialized inputs, and knowledge spillovers.
1 One important aspect of labor market pooling is that a high agglomeration of activity provides workers and businesses with a wide range of options if they possess or require a unique skill set. In their study of coagglomeration patterns, Ellison, Glaeser and Kerr (2009) found that industries employing the same types of workers tend to co-agglomerate. This behavior is advantageous to workers and firms: people can move among employers without retooling and businesses have access to a deep pool of labor with the skills they need.
This paper examines the micro-foundations of occupational agglomeration in U.S.
metropolitan areas. Here, we emphasize the importance of labor market pooling as measured by the extent to which workers possess a specialized knowledge base covering a wide range of topics. People in jobs with generic knowledge requirements are not expected to benefit from labor market pooling, whereas individuals in occupations that need a specialized base of knowledge are apt to seek out a place with a high agglomeration of activity. With respect to co-agglomeration, we expect occupations with similar knowledge profiles to co-locate. Such behavior facilitates movement among jobs with similar types of knowledge and helps to ensure Marshall's (1920) "constant market for skill."
Our analysis of the geographic concentration of occupations provides a new way to look at the forces of agglomeration. Industry-centric studies focus on where similar 1 For surveys of the literature on agglomeration, see Duranton and Puga (2004) and Rosenthal and Strange (2004) .
types of goods and services are made, since sectors are assigned based on a firm's primary output. In contrast, recent occupational-based approaches to urban and regional analysis emphasize what people do in their jobs (Feser 2003; Markusen 2004; Florida, Mellander and Stolarick 2008; Gabe 2009; Scott 2009; Strange 2009a, 2009b) . For example, Markusen (2004, p. 254) suggests the use of occupationallevel data to examine the "skills and activities of those in a particular neighborhood."
Here, we use occupations to understand the knowledge required to perform a job, as well as a worker's use of specialized equipment and the importance of keeping current with new information and trends.
For at least two of Marshall's (1920) micro-foundations of agglomeration, the benefits of a geographic concentration of activity seem to be more relevant for occupations (i.e., tasks and activities people perform in their jobs) than industries (i.e., goods and services provided). Agglomeration facilitates knowledge spillovers because it allows individuals to share ideas and tacit knowledge (Kloosterman 2008; Ibrahim, Fallah and Reilly 2009) . A computer programmer, for example, presumably benefits more from proximity to others involved in similar day-to-day activities (e.g., interacting with computers, using technology) than he or she gains from working next to others in the same industry (e.g., a software company's receptionist, human resources specialist, or chief executive).
Likewise, the basic idea behind labor market pooling-that agglomeration provides a thick labor market for those who possess or require a particular skill setseems to apply more readily to occupations than industries. In an analysis of industry agglomeration, Rosenthal and Strange (2001, p. 205) suggest that labor market pooling is the most problematic of the Marshallian micro-foundations to measure because "it is difficult to identify industry characteristics that are related to the specialization of the industry's labor force." 2 This is not the case with occupations. Some jobs require a very specific knowledge and skill set that is specialized to the task at hand, while other occupations call for a more generic set of knowledge and skills.
II. AGGLOMERATION OF U.S. OCCUPATIONS
Following Krugman (1991) and Audretsch and Feldman (1996) , we begin our analysis using locational Gini coefficients to measure occupational agglomeration across U.S. metropolitan areas. The locational Gini coefficient (LGINI) for U.S. Census occupations, indexed by k, is calculated as (Kim, Barkley and Henry 2000) :
(1)
LGINI k = Δ / 4 u,
and, n = 324, the number of U.S. metropolitan areas included in the analysis.
Locational Gini values close to zero suggest that employment in the occupation is widely dispersed across U.S. metropolitan areas and spread out in a manner similar to the distribution of overall employment. Values close to 0.5 suggest that workers in the 2 Rosenthal and Strange (2001) use three measures (e.g., net productivity, an indicator of "brains to brawn," and the percentage of workers with advanced degrees) as proxies for the importance of labor market pooling. Overman and Puga (2009) point out the limitations of these indicators and, instead, focus on the effects of idiosyncratic firm-level employment shocks on industry agglomeration. Their results suggest establishments that expand while the overall industry declines (or vice versa) benefit more from agglomeration than plants in sectors with homogeneous employment shocks.
occupation are geographically concentrated in a single metropolitan area, or a very few places.
A limitation of the locational Gini, when studying industries, is that it could suggest high levels of concentration in cases where sectors comprised of a few large companies locate in a dispersed, random pattern (Ellison and Glaeser 1997 to the ranking of textiles among the most agglomerated manufacturing industries reported by Krugman (1991) , Ellison and Glaeser (1997) , and Duranton and Overman (2005) .
Other occupations that are highly geographically concentrated as ranked by both agglomeration measures include gaming workers (e.g., SOC 43-3041 and SOC 39-3010), aircraft assemblers (e.g., SOC 51-2011) and specialized engineers (e.g., SOC 17-2121
and SOC 17-21XX). This is the same general approach used by Rosenthal and Strange (2001) to examine the agglomeration of manufacturing industries. Summary statistics of the variables used in the empirical analysis are presented in Table 4 .
It is interesting to note that
As described in the previous section, Occupational Agglomeration is measured using locational Gini coefficients (LGINI) and concentration index values (INDEX). The explanatory variable of key interest, used as a proxy for the importance of labor market pooling, is the extent to which an occupation's knowledge profile differs from the average U.S. job. This variable, Specialized Knowledge, is constructed using information from the U.S. Department of Labor's Occupational Information Network (O*NET) on the importance and level of knowledge required in 33 subjects (see Table 5 ). 4 The O*NET, based on employee surveys and input from professional occupational analysts, asks respondents to rate on a scale of 1 to 5 the importance of these knowledge areas to a person's job. For topics that are rated as at least "somewhat important" (i.e., a score of 2 or higher), the respondent is asked to rate on a scale of 1 to 7 the level of knowledge required.
For each of the 33 areas, we use information on the importance and level to construct, as the product of the two, a knowledge index (Feser 2003) . With these indices for 468 occupations and 2000 U.S Census data on occupational employment, we calculated the (weighted) average U.S. occupation's knowledge requirement in each of the 33 topics. 5 To measure the extent to which an occupation's knowledge profile differs from the average U.S. job, we constructed the Specialized Knowledge variable as:
where the subscript z indicates the knowledge area, KI is the knowledge index, the subscript k indicates the occupation, and the subscript ave indicates the average U.S. Florida's (2002 Florida's ( , 2008 extensive work on the topic suggests that creative workers seek out places where they can collaborate and share ideas with others. The second variable, Years of Education, is the average number of years of education for those in an occupation, calculated using data from the one-percent sample of the 2000 U.S. Census.
Although Rosenthal and Strange (2001) used the share of industry employment with advanced degrees as proxies for labor market pooling, Kolko (2009) suggests that educational attainment is also a suitable proxy for the importance of knowledge spillovers.
The explanatory variable Interaction with Public represents a sort of transport cost that is expected to affect agglomeration. Kolko (2009) , in an analysis of the agglomeration of service industries, suggests that transport costs dictate that low-value services delivered through face-to-face contact should be geographically dispersed.
Moreover, jobs characterized by heavy interaction with the general public typically require face-to-face contact, which limits an occupation's tendency to agglomerate (Storper and Venables 2004) . We constructed the Interaction with Public variable as an index using information from O*NET on the importance and level of an occupational activity titled "Performing for or Working Directly with the Public."
To account for the importance of establishment-level economies of scale, the regression model includes the variable Average Establishment Size. It is constructed by matching occupations to industries using the one-percent sample of the 2000 U.S. Census (Ruggles et al. 2008) . After determining the sectors that correspond to each of the 468 occupations, we calculated an average employment size using data from County Business Patterns. The final two explanatory variables, Agriculture and Mining, were also constructed using information from the one-percent sample of the 2000 U.S. Census.
These variables, which measure the percentage of occupational employment in agricultural-or mining-related industries, account for the importance of natural advantages and raw material use in the agglomeration process (Kim 1995; Ellison and Glaeser 1999) .
IV.
REGRESSION RESULTS Across all six models, the results provide strong evidence on the importance of labor market pooling to occupational agglomeration. Since the dependent variable and Specialized Knowledge both enter into the regressions as natural logs, the estimated coefficients can be interpreted as elasticities. They suggest that a doubling of the Specialized Knowledge variable, roughly equivalent to a one and one-half standard deviation increase, is associated with over a 10-percent increase in the locational Gini coefficient. A doubling of this proxy for the importance of labor market pooling is associated with about a 40-percent increase in the agglomeration index.
Other regression results shown in Table 6 
V. CO-AGGLOMERATION OF OCCUPATIONS
Another implication of labor market pooling is that workers are likely to seek out places where they can easily move among jobs that use the same general types of knowledge. This would result in a high co-agglomeration of occupations with similar knowledge profiles (or, conversely, a low co-agglomeration of occupations that require different types of knowledge). Following Ellison and Glaeser (1997) and Ellison, Glaeser and Kerr (2009) , we constructed a co-agglomeration index for occupations k and l as:
where,
S. metropolitan areas (n=324)
s k(l) = metro area's share of employment in occupation k (l) t = metro area's share of total employment. We measured the dissimilarity of knowledge profiles for occupations k and l as:
Consistent with the findings of Ellison, Glaeser and Kerr (2009) , the mean value of the coagglomeration index we calculated is "approximately zero." where the subscript z indicates the knowledge area and KI is the knowledge index. Low values of this variable suggest that the knowledge profiles of the two occupations are similar, whereas high values indicate that the jobs are quite distinct in terms of knowledge requirements. Along with the (dis)similarity of knowledge requirements, the (dis)similarity of goods and services that workers produce is expected to affect occupational co-agglomeration patterns. Ellison, Glaeser and Kerr (2009) found that industries employing workers in the same occupations tend to co-agglomerate. Here, as it appears to be the case in Table 7 , we expect occupations involved in the same industries to co-agglomerate as well. To measure the extent to which occupations k and l contribute to (dis)similar types of goods and services, we constructed the Dissimilar Output variable as:
where IS represents the occupation's share of employment by industry, and z is a subscript indicating the major NAICS industrial category.
7 Low values of this variable, constructed using information from the one-percent sample of the 2000 U.S. Census, suggest that workers in the two occupations make similar goods and services. On the other hand, high values of Dissimilar Output indicate that workers in the occupations contribute to different sectors. (1997) index of co-agglomeration, calculated for 109,278 occupation pairs (using the same 468 occupations analyzed in Table 6 
VI. CONCLUSIONS
Researchers have long been interested in the causes of agglomeration. Alfred Marshall's (1920, p. 225) ideas about labor market pooling, which suggest employers locate around "workers with the skills which they require" and workers seek out places "where there are many employers who need such skill as theirs," emphasize the strong connection between agglomeration and the specialization of work-related tasks. Focusing on the knowledge requirements of a wide variety of jobs, this paper presents new evidence on the importance of labor market pooling as a determinant of occupational agglomeration. Specifically, our findings suggest jobs that draw from a specialized knowledge base are geographically concentrated, and occupations with similar knowledge requirements tend to co-agglomerate.
This first key result-that specialized knowledge requirements lead to an increase in agglomeration-gets at the heart of Marshall's argument about the benefits of labor market pooling. Such behavior is advantageous if firms need and workers possess a specialized knowledge base, whereas agglomeration is less important in occupations with generic knowledge requirements where suitable workers and jobs are easy to find. Our second key result-that co-agglomeration patterns are enhanced by the similarity of knowledge requirements among two jobs-also suggests that occupational agglomeration can help ensure Marshall's (1920) "constant market for skill."
A limitation of our analysis of occupational co-agglomeration is that the negative relationship found between the Ellison-Glaeser co-agglomeration index and the similarity of knowledge requirements is consistent with our explanation related to labor market pooling (as described previously), but also lends support for the importance of knowledge spillovers. On the one hand, a person might seek out a place where jobs are available that require similar types of knowledge as a way to minimize the prospects of being out of work (i.e., a thick labor market argument). However, it is also plausible that a person would locate in such a place to collaborate and share ideas with others that possess similar types of knowledge (i.e., a knowledge spillover argument).
The availability of cross-industry information allowed Ellison, Glaeser and Kerr (2009) to construct different proxies for the importance of labor market pooling (e.g., "the extent to which different industries hire the same occupations") and knowledge spillovers (e.g., measures of technology flows among industries) as determinants of industry co-agglomeration. In our analysis of occupations, however, information on the extent to which knowledge created in a particular occupation is used by individuals in other jobs is not readily available. This inability to distinguish between labor market pooling and knowledge spillovers, which is of less concern in our analysis of occupational agglomeration because we use three proxies to measure the importance of knowledge spillovers, is hardly new to the literature on agglomeration. As noted previously, Rosenthal and Strange (2001) used data related to formal education (e.g., share of industry workers with a college degree) as a proxy for the importance of labor market pooling, while Kolko (2009) suggests that education-based variables are equally well suited to represent the importance of knowledge spillovers.
Despite this caveat, the paper represents what we believe to be one of the first attempts to examine the agglomeration and co-agglomeration of occupations. As noted throughout, numerous studies have looked at both the causes and consequences of industry agglomeration. Thus, we have a developed a pretty good understanding about why similar goods and services are produced within a close geographic proximity, and what this type of agglomeration means for regional economic growth. What has been missing is an empirical analysis of the agglomeration patterns of workers involved in similar job-related tasks and activities. Our work on this topic has helped to illuminate the importance of labor market pooling as a key determinant of agglomeration, which has been an illusive task in many past studies focusing on industries. 
Specialized Knowledge
Variable measuring the difference between an occupation's 684.5 412.6 knowledge profile and the knowledge profile of the average U.S. occupation
Specialized Equipment
Index value that measures the importance (scale of 1 to 5) and level 5.479 5.738 (scale of 1 to 7) of occupational activity titled "Operating Vehicles, Mechanized Devices, or Equipment"
Update Knowledge
Index value that measures the importance (scale of 1 to 5) and level 14.87 5.701 (scale of 1 to 7) of occupational activity titled "Updating and Using Relevant Knowledge"
Creativity
Index value that measures the importance (scale of 1 to 5) and level 11.24 5.742 (scale of 1 to 7) of occupational activity titled "Thinking Creatively"
Years of Education
Average years of education of those in occupation 13.18 1.885 
